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Abstract
Background: This study aimed to construct a long non-coding RNAs (lncRNAs) signature related to N6-
methyladenosine, so as to precisely forecast the prognosis of esophageal cancer patients.

Methods: In this study, we downloaded RNA inference data and test data of patients with Erson skin color
from the TCGA database, and passed skin-related tests, single-variation coxs and selection operator
(LASSO) Cox regression to all subjects related to the subtypes and risks The results were analyzed for
survival and predicted with different properties and values of risk models. Finally, we also discussed the
potential immunotherapeutic characteristics and drug sensitivity prediction of the model.

Results: Firstly, 93 lncRNAs related to prognosis were obtained through co-expression and univariate Cox
analysis. Then we also performed least absolute shrinkage and selection operator (LASSO) analysis to
obtain AC012467.2, AL161891.1,ARHGAP27P1-BPTFP1-KPNA2P3,LINC00930,POLR2J4, AP003696.1
AP003696.1 and MAGI1-AS1 to construct m6A-related lncRNA model. The subsequent consensus
clustering analysis divided these samples into two parts. We observed that the survival curves of patients
from different clusters and risk groups were signi�cantly different. With the help of Kaplan-Meier survival
analysis and ROC curve, we con�rmed the difference of survival rates among different risk groups, and
proved the prognostic value of risk signals, We observed that there were signi�cant differences in the
characteristics of immunotherapy between high-risk and low-risk groups, including the immune cell
in�ltration, immune gene expression, immunosuppressive points, and drug sensitivity.

Conclusions: m6A-related lncRNAs prognostic signature was shaped that probably functions as vital
mediators of tumor microenvironment of esophageal cancer, and might become underlying biomarkers to
forecast the prognosis of esophageal cancer patients.

Background
Esophageal cancer (ESCA) is a terri�cally invasive malignancy, ranking the eighth among the most
popular malignant tumor worldwide. In addition, the mortality rate of esophageal cancer remains high,
ranking sixth in the world, and has been soaring in recent years [1; 2; 3]. In the statistics of National
Central Cancer Registry of China (NCCR) in 2015, Chinese ESCA patients account for up to 70% of all
ESCA cases all over the world[4].

At present, most esophageal cancer patients necessitated extensive treatment, including chemotherapy,
chemoradiotherapy and/or esophagectomy [5]. Although surgical resection combined with radiotherapy
and chemotherapy improves the prognosis of ESCA patients, the overall 5-year survival rate is still very
low [6].

Therefore, elucidating the molecular mechanism of esophageal cancer and identifying new molecular
targets are very important for its diagnosis and treatment.
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N6-methyladenosine (m6A), the amplest inside modi�cation of RNA in eukaryotic cells, has attracted
growing notice last several years. Accumulating data has shown that m6A RNA methylation plays a
fundamental role in diagnosis, treatment and prognosis of cancer patients by regulating circadian
cadence, gene manifestation, stress reaction, in�ammatory behavior, and carcinogenesis [7; 8; 9; 10].
Researchers had realized that m6A methylation has great potential in the pathogenesis and treatment of
diseases [11; 12; 13; 14].Recently, many studies began to pay attention to the function of m6A
modi�cation in regulating the occurrence and advancement of esophageal cancer[15; 16; 17; 18]. For
example, it was found that HNRNPA2B1, one of m6A readers, facilitates esophageal cancer succession by
regulating ACLY and ACC1. Bioinformatics found that the expression of HNRNPA2B1 in ESCA went up. In
cell experiments, HNRNPA2B1 promoted fatty acid synthesis, cell transportation and infringement in
ESCA[19].

Previous studies have reported the reliability of abnormal lncRNA expression as a diagnostic and
prognostic marker of tumors. However, the role of lncRNAs in m6A modi�cation in esophageal cancer has
not been reported.

In this study, we identi�ed m6A related lncRNAs using Pearson correlation analysis and constructed a
prognostic feature of m6A related lncRNAs. Then this is further veri�ed in test data set and train data set.
Subsequently, we explored the relationship between this prognostic model and the tumor
microenvironment in a variety of ways. Finally, using the publicly available drug sensitivity database, we
found candidate drugs for this m6A related lncRNAs.

Materials And Methods

Authentication of m6A-associated lncRNAs
We have downloaded the RNA transcriptome dataset and the correspondent ESCA clinic-related
information from The Cancer Genome Atlas (TCGA)(https://portal.gdc.cancer.gov/) database. The RNA-
seq transcriptome data were standardized by fragment per kilobase of exon model per million. The
clinicopathological information of patients included survival status, survival time, age, gender and tumor
lymph node metastasis (TNM) stage.

Subsequently, we have assembled genes into protein coding genes and lncRNA genes in view of the
human genome annotation data. Besides, given the previous publications. we extracted expression
matrixes of 23 m6A RNA methylation regulators (Additional �le2) from the TCGA databases based on the
recent the m6A study. The pearson correlation coe�cient has been utilized to assess the relationship
between m6A regulator genes and lncRNA. The lncRNA with an utter correlation coe�cient >0.3 and a P
value <0.05 was regarded as a m6A-associated lncRNA.

Construction of a model of m  6  A related lncRNA related to prognosis
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After extracting the m6A related lncRNA, the ESCA cohort was congregated into seperated groups by
consistent cluster analysis using "ConsensusClusterPlus" in R[20]. The ESCA cohort was congragated
into various parts by non-negative matrix factorization (NMF) clustering approaches. Overall survival
(OS) differences were calculated by Kaplan Meier method and log rank test were used to calculate the
overall survival differences. Through the analysis of univariate Cox, the relationship between m6A
regulators and OS of ESCA patients has been appraised via survival analysis in R. The research has
further analyzed m6A genes and advanced a risk signature by employing the least absolute shrinkage
and selection operator (LASSO) Cox regression algorithm. The formula of the risk score for ESCA
patients' prognosis prediction was as follows:Risk score = ΣExpi *βi. where Expi refers to each lncRNA
expression and βi equals to the coe�cient of each lncRNA. Based on the median risk score, the patients
have been equivalently separated into high- and low-risk subgroups. Each patient's survival status, death
time, and gene expression pro�le in two subgroups were presented via “heatmap” and “survival” R
packages. Among that, we have conducted the Kaplan–Meier curve research, and the receiver operating
characteristic (ROC) curve was drawn to evaluate the sensitivity and speci�city of the prognostic
signature.

Analysis Of Immune Related Aspects
ESTIMATE( https://sourceforge.net/projects/estimateproject/ )is widely used to �gure out the matrix
score and immunized score in malignant tumor tissues. We performed correlation analysis in different
groups. Subsequently, the degree of in�ltration of immune cells was quanti�ed by Single Sample Gene
Set Enrichment Analysis (ssGSEA). In addition, tumor related biomarkers were selected from previous
studies for comparison between subtypes. Then, Kruskal Kallis test was performed. The mRNA
expression based RNAss and DNA methylation based DNAss were used to measure tumor stemness [88].
Then we screened out genes that are important for immune cell regulation (Additional �le3), the
“ggplot2”, “ggpubr” and “ggextra” packages in R were utilized to analyze the relationships between gene
expression and the risk scores, and the disparity in expression levels between patients at high- and low-
risk of m6a related lncRNA. In the subsequent drug sensitivity analysis, we used the contents of cellminer
website and listed the top 16 drugs with the most closely correlation.

Results

Identi�cation of m6A-associated lncRNAs in patients with
ESCA
The matrix expression of 23 m6A regulatory gene and 14087 lncRNAs was extracted from TCGA
database. Among that, 491 lncRNAs was found signi�cantly linked with m6A-related genes by pearson
correlation analysis, and the co-expression network has been displayed in Additional �le1. The expression
data has been secured from TCGA and the survival time and survival state of the modi�ed lncRNAs have
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been well combined with m6a. These lncRNAs have been analyzed by univariate Cox analyses (�gure1A),
and we found that 93 lncRNAs were closely pertaining to the total survival rate. The results have
indicated that ARHGAP27P1-BPTFP1-KPNA2P3 and EPB41L4A-DT constituted protective genes, but other
genes were high-risk genes and their expression was closely entwined with poor prognosis. Finally, we
discovered that the expression of the lncRNAs was greatly different between ESCA patients and healthy
controls by utilizing heatmap (�gure1B).

Consensus Clustering of m6A-modi�ed lncRNAs  
When the clustering index “k” increased from 2–9, the interference between clusters was minimal when
k=2. Meanwhile, K = 2 is proved to be the optimal clustering parameter
between clusters(�gure2A,2B). The survival time of patients and the expression level of the selected
lncRNAs have been organically combined. Ultimately, ESCA patients were secured and classi�ed into two
clusters, cluster 1 and cluster 2, on the basis of the expression of the m6A-modi�ed lncRNAs(�gure2C).
Survival analysis based on the lncRNA subtypes was employed to appraise the prognostic value of m6A-
lncRNAs, and the survival rate of cluster 1 was tested to be higher than that of cluster 2 (p = 0.007), as
demonstrated in Figure 2D. Heatmap outlines the differences that were recognized in the expression of
prognosis-associated lncRNAs and the correlation has been appraised based on clinicopathological
parameters (Figure 2E). After that, we compared the clinicopathological characteristics of the two clusters
and their correlation were tested, then we found that the tumour node metastases (TNM) stage, age, and
gender had no straight correlation with our cluster analysis (Figure 2F).

As detecting the proportion of 22 immune cell subtypes between cluster 1 and cluster 2 (�gure2H), we
have observed that cluster 2 was equipped with higher follicular helper T cells in�ltration (�gure2F),while
neutrophils expressed more in cluster 2 (�gure2G).

Construction and validation of prognostic signatures for
m6a-modi�ed lncRNAs 
To shape a risk model to evaluate the premonitory risk of patients with ESCA. ESCA patients have been
divided into two groups, train cohort and test cohort. Then we investigated expression levels of 93 m6A
modi�ed lncRNAs by a least absolute shrinkage and selection operator (LASSO) regression analysis
(�gure3A, 3B), and eight critical lncRNAs related to m6A and their coe�cients were identi�ed. These eight
lncRNAs were independently connected to OS, including AC012467.2, AL161891.1, ARHGAP27P1-
BPTFP1-KPNA2P3, LINC00930, POLR2J4, AC007128.1, AP003696.1 and MAGI1-AS1. Risk score=
AC012467.2×0.11+ AL161891.1×0.02 + ARHGAP27P1-BPTFP1-KPNA2P3× (-0.08) + LINC00930×0.20+
POLR2J4×0.34+ AC007128.1×0.12+ AP003696.1 ×0.98+ MAGI1-AS1×0.03.
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The survival analysis illustrated that the OS of the low-risk group was longer than that of the high-risk
group despite of whether patients were in the train (p = 0.004) (�gure4A) or test group (p = 0.003)
(�gure4E). In an attempt to deeply determine the sensitivity and speci�city of the risk signatures for
diagnosis, we have also applied a ROC curve with the AUC values for the risk signatures being 0.937 and
0.729, respectively, in the train and the test cohorts (�gure4B,4F).

We categorized patients in the ESCA train and test groups into low- and high-risk ones by considering the
median value of the prognostic risk grade. The allocation of survival and death between the low-risk and
high-risk groups is described in �gure5A and �gure5D, and the survival status and survival time of
patients in the two separated risk groups are displayed in �gure5B and �gure5E. We observed that the
prognosis of the low-risk group was better than that of the high-risk group. The related expression of the 8
m6A-associated lncRNAs for each patient are demonstrated in �gure5C and �gure5F. The results of heat
map showed that most genes were highly expressed in the high-risk group.

The congregation capacity of the m6A-associated lncRNA model could be better con�rmed through
principal component analysis (PCA). It was initiated to examine the disparity between the low-risk and
high-risk groups grounded on the complete gene manifestation pro�les, 23 m6A genes, all m6A-ralated
lncRNAs, and risk genes risk genes based on LASSO analyses(Figures 6A–6D). Figures 6A to 6C present
that the allocation of the high- and low-risk groups has been distributed to some extent. Nonetheless, the
research outcome secured on the basis of our model has also demonstrated that the low- and high-risk
groups had different distributions (Figure 6D). These results suggest that the prognostic signature can
distinguish between the low- and high-risk groups.

Independent prognostic role of the lncRNA signature
A univariate cox regression analysis and multivariate cox regression analysis have been performed
between the risk score and the clinical factors in the train and test groups to ascertain the independence
of lncRNA signature in the clinicopathological features (like age, gender, TNM stage and risk score. As
shown in Figures 3C,3D,3G and 3H, it can be discovered that the risk score can function as an
independent prognostic factor for the prognosis of ESCA to some extent.

The OS disparities in age, gender, stage and TNM stage between high-risk group and low-risk group have
been further ascertained, so as to con�rm the practicability of our model in different clinical groups. We
observed that in addition to female, M1, Stage III-IV, N1-3 and T3-4 groups, other groups’OS in low-risk
groups were higher than that in high-risk group (FIGURE 7), which demonstrated that our model was
meaningful to a large extent.

Similarly, we compared the clinical characteristics between the high-risk and low-risk group and detect
their relationship. We have discovered that there remained no straight connection between the age and
stage (�gure3A). Interestingly, we observed that there remained a certain correlation between risk score
classi�cation and cluster classi�cation, and Cluster 2 is relevant to a higher risk score (�gure3B).
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Analysis of immune-related factors in two risk subgroups
According to the ImmuneScore, and StromalScore generated by the ESTIMATE algorithm, the
StromalScore were to a large extent, negatively relevant to the risk score (P<0.01), as shown in Figure 8A.

Studies have shown that abnormal DNA methylation may lead to poor prognosis of cancer patients [42].
Our analysis found that DNAss, which was based on DNA methylation, was positively correlated with risk
scores (�gure 8B). This means that the higher the degree of DNA methylation of esophageal cancer cells,
the worse the prognosis of patients. Additionally, ssGSEA analysis showed that the ratio of B cells and
NK cells have been greatly raised in the low-risk subgroup (�gure 8C). In the meantime, we also found
that the expression of cytolytic activity and HLAs was high in the low-risk group (�gure 8D).

After meticulously investigating the connection between the risk score and several notable HLA
manifesting levels in the TCGA database, we have seen that the manifestation of almost all HLA genes
(HLA-A, HLA−DRB6, HLA-F, HLA-E, HLA-B and HLA-H) were up-modulated in the LOW-risk group
(�gure9A,9C-9G). Through correlation analysis, we found that HLA genes were negatively correlated with
the risk scores (�gure9B), suggesting that HLA speci�c treatment could be of more practicability for
patients in low-risk groups.

we have also explored the disparity in immune signatures between the two risk subgroups.

We downloaded immune-associated genes, then the manifestation differences of these immune-
associated genes in high and low risk groups were compared. The �nding stated that there were
signi�cant disparities in the manifestation of 12 immune related genes between high-risk group and low
risk group(�gure10A). We then dug out the correlation between these genes and risk scores and their
expression in high and low risk groups. Interestingly, we observed that TNFSF8, B2M, VSIR, PPF1,
HAVCR1 and TLR3 were highly exhibited in the low-risk group and negatively correlated with the risk
score. HSP90B1, HSPA1A, HSPA14, BLRC5, IFNA21 and EZH2 were intensely mirrored in high-risk group,
which was positively correlated with risk score (�gure10B-10M).

Drug Sensitivity Analysis
We selected the top 16 drugs with the strongest correlation, and observed that the correlation between
three lncRNAs and drug sensitivity was the strongest, namely LINC00930, MAGI1-AS and
POLR2J4(�gure11).We can observe that the manifestation of these genes is positively linked to the
sensitivity of most drugs, that is, the higher the expression of these genes in patients with esophageal
cancer, the more useful these drugs are for the treatment of esophageal cancer. Interestingly, we found
that LINC00930, MAGI1-AS and POLR2J4 were tremendously expressed in the high-risk group, indicating
that the drugs were more effective in the treatment of patients in the high-risk group.

Discussion
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A large number of lncRNAs are highly modi�ed by m6A to achieve their biogenesis and function [21; 22].
In tumor research, we observed that lncRNA interacted with m6A affected cancer progress, metastasis,
drug resistance and immune response[23]. lncRNA KIAA1429 actually serves as a powerful engine for
liver cancer progression through N6-methyladenosine-dependent post-transcriptional modi�cation of
GATA3[24]. m6A methylation, serving as a good agent to stabilize LNCAROD, could also advance cancer
progression by shaping a ternary complex with HSPA1A and YBX1 in head and neck squamous cell
carcinoma[25]. Although the function of lncRNAs and m6A in the regulation of tumor development have
been clari�ed in multitudinous authoritative, there remained unknown on the lncRNAs in the regulation of
m6A in esophageal cancer.

According to pearson correlation coe�cient, we have discovered an intimate relationship between m6A
methylation modulators and m6A-modi�ed lncRNAs. Based on the expression of m6A-modi�ed lncRNAs,
the ESCA patients were divided into two clusters by uniform clustering. Compared with cluster 1, the
survival rate of cluster 2 was lower, and it was no straight link with other clinical characteristics.

After that, we have appraised the prognostic value of the m6A-modi�ed lncRNA signatures in ESCA
patients, employed the LASSO algorithm, and selected 8 lncRNAs to ascertain the risk signature. As the
formula shows, the risk value of each sample has been �gured out. The results of KM curve analysis
showed that this feature can effectively stratify the OS of patients and has robust prognostic value.
Further ROC analysis showed that the characteristic risk score had a good prognosis and might be an
effective biomarker of esophageal cancer.

The staging of TNM by the international American Joint Committee on Cancer/Union for International
Cancer Control (AJCC/UICC) provides classi�cation guidelines for the degree of cancer spread. According
to the evaluation of various cancers by the staging system, the progression and invasion of tumors
during surgical resection and the prognosis of patients were evaluated. However, there are signi�cant
differences in clinical outcomes in the same histological tumor stage, which indicates that the TNM
staging system has some limitations.

Up to now, many methods have been proposed to expand cancer classi�cation, but most methods mask
the heterogeneity within the tumor and ignore the role of tumor microenvironment.

Here, we not only analyzed the reliability of m6A related lncRNA as a prognostic biomarker, but also
focused on the immune determinants affecting cancer development, such as immunoscore, which can be
prognostic and predictive biomarkers.

"Immunoscore" is an immune based assay used to quantify in situ T cell in�ltration. At present,
immunoscore is most widely used in predicting OS in colon cancer. Studies have proved that
immunoscore's prediction of the prognosis of stage I, II and III colon cancer exceeds the traditional TNM
system. In stage I, II or III colon cancer, patients with high immunoscore have the lower risk of
recurrence[26]. Our results con�rmed that the immunoscore in the low-risk group was higher, which was
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negatively correlated with the risk score. In the prognostic analysis of esophageal cancer, we speculated
that the speci�c immune environment characteristics and high immune score in esophageal cancer may
be predictors of better prognosis and longer long-term survival.

In addition, we also focused on the differences of previously neglected immune cells in high-risk and low-
risk groups,such as NK cells and B cells.

It could be seen from the study that the soaring of B cell number was closely entwined with better clinical
outcome, such as hepatocellular carcinoma[27], non-small cell lung cancer[28], and aggressive ductal
breast carcinoma[29].

NK cells had strong capacity to impede tumor growth and regulate the initial stages of metastatic
dissemination [30; 31]. The occurrence of innate and adaptive immune responses and tumor
immunosurveillance have been signi�cantly attributed to NK cells by identifying and strangling
neoplastic cells [32; 33].Multiple enduring clinic-related trials contrive to activate the immune system with
NK cell treatment. For instance, NK cell therapy in hematologic malignancies is an effective strategy [34].

In�ltrating NK cells and B cells may become an important evidence to evaluate the prognosis of
esophageal cancer in the future.

HLAs are gradually considered as an immune checkpoint for cancer due to its immunosuppressive
function[35]For example, studies have con�rmed that HLA-G expression is associated with tumor
metastasis and adverse clinical outcomes[36; 37]. In addition, some studies have pointed out that HLA is
very important for the interaction between tumor cells and innate and adaptive immune cells, like NK cells
and T cells[38].

Through cautiously observing the association between risk scores and HLA expression levels, we have
also discovered that most HLA (HLA-DPB2, HLA-DQA2, HLA-DQB2, HLA-DRB6 AND HLA-K) were
expressed in the low-risk group. Therefore, human leukocyte antigen is very likely to become a potential
target of new immunotherapy and a new immune checkpoint inhibitor. However, our results also suggest
that HLA as a new immune checkpoint inhibitor may not be suitable for all esophageal cancer cells. On
the contrary it may be more suitable for low-risk esophageal cancer with better prognosis.

In spite of the above major �ndings of the study, there still exist some limitations that should be amended
or reconsidered in current research. Firstly, the limited number of TCGA databases leads to a small
number of ESCA samples in our research. In the future, we need more samples to verify this result.
Secondly, this time, we mainly apply the bioinformatics method. Although this method has many
advantages in the current research, it still needs more basic experiments to prove the results of this study.
Third, because the current team of researchers still lacks a sample bank of human esophageal cancer, it
is necessary to establish a sample bank of esophageal cancer tissue in the future.

Conclusion
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Our results reveal the underlying biomarkers and therapeutic targets of the risk model grounded on m6A-
related lncRNAs. It will enrich the research on the m6A-related lncRNAs in esophageal cancer, which
deserves in-depth exploration by follow-up researchers.
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Figure 1

Extraction of key m6A-Related lncRNA (A) Univariate Cox regression analysis revealed that the selected
m6A-Related lncRNA signi�cantly correlated with clinical prognosis (B) Heatmap of signi�cantly m6A-
Related lncRNAs. Red represents higher expression while green represents lower expression.

Figure 2

Identi�cation of molecular subtypes in the complete dataset. (A) The cumulative distribution function
(CDF) when k ranges from 2 to 9. (B) Area under CDF curve when k ranges from 2 to 9. (C) Consensus
heatmap for the gene expression when k = 2. (D Kaplan-Meier survival curves for the cluster when k =2.
(E) The heatmap showed the distribution of clinicopathological factors in two molecular subtypes . (F)
The scores of follicular helper T cells in�ltration and are shown in the box plot (G) The scores of
neutrophils in�ltration and are shown in the box plot. (H) The scores of 22 immune cells in�ltration are
shown in the box plot.

Figure 3

Characterization of m6A-related lncRNAs signature (A,B) LASSO regression was performed, calculating
the minimum criteria of the prognostic lncRNAs (C) The heatmap showed the distribution of
clinicopathological factors and hub m6A methyltransferase-related lncRNAs between the high- and low-
risk groups. (D) molecular subtypes differences between high and low risk groups.
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Figure 4

Prognostic analysis and Independent predictive ability in the training dataset and testing dataset (A, E)
Kaplan-Meier curve analysis between the high-risk group and low-risk group was performed in the training
dataset (A) and testing dataset (E), respectively. (B, F) The receiver operator curve analysis for the m6A-
related lncRNAs signature in the training dataset (B) and testing dataset (F), respectively. (C, G) Validation
of the independence of the m6A-related lncRNA signature in OS through the Univariate cox regression
analysis in the training dataset (C) and testing dataset (G), respectively. (D, H) Validation of the
independence of the m6A-related lncRNA signature in OS through the Multivariate cox regression analysis
in the training dataset (D) and testing dataset (H), respectively.

Figure 5

Prognostic value of the risk model of the 8 m6A-related lncRNAs In the training dataset and testing
dataset (A , B) Different patterns of survival status and survival time between the high- and low-risk
groups In the training dataset (A) and testing dataset (B) (C, D) Distribution of m6A-related lncRNA model-
based risk score in the training dataset (C) and testing dataset (D) (E,F) Clustering analysis heatmap
shows the expression standards of the 8 prognostic lncRNAs for each patient in the training dataset (E)
and testing dataset (F).

Figure 6



Page 16/17

Principal component analysis between the high- and low-risk groups based on entire gene expression
pro�les(A), m6A-related lncRNAs(B), 23 m6A genes(C) and risk model based on the representation
pro�les of the 8 m6A-related lncRNAs(D) in the TCGA entire set.

Figure 7

Kaplan-Meier survival curves for the high-risk and low-risk groups strati�ed by clinical factors including
age, gender and TNM stage in the complete dataset.

Figure 8

Analysis of immune function in two risk groups A ) Correlation analysis betweed risk score and DNAss
and RNAss B) Correlation analysis of risk score and ImmuneScore and StromalScore C) The scores of
16 immune cells and are shown in the box plot D) The scores of 13 immune-related functions are shown
in the box plot

Figure 9

Analysis of HLAs in high and low risk groups (A) The differential HLA expression was expressed by box
plot (B-G) The differences in the relationship between HLAs and risk scores, as well as the relationship
between HLAs and each other
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Figure 10

Top 16 drug sensitivity analysis
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